Multi-platform/sensor and multi-temporal satellite data facilitates analysis of successive change/monitoring over the longer period and there by forest biomass helping REDD mechanism. The historical archive satellite imagery, specifically Landsat, can play an important role for historical trend analysis of forest cover change at national level. Whereas the fresh high resolution satellite, such as ALOS, imagery can be used for detailed analysis of present forest cover status. ALOS satellite imagery is most suitable as it offers data with optical (AVNIR-2) as well as SAR (PALSAR) sensors. AVNIR-2 providing data in multispectral modes play due role in extracting forest information.
INTRODUCTION
Historical archive satellite imagery together with fresh one gives potentiality classifying time series Land cover (LC) of an area. LC is being used for national land planning since long and time series LC opens new applications, such as Reducing Emissions form Deforestation and forest Degradation (REDD or REDD+) . Satellite Remote Sensing is a primary information source for LC and forest assessment as it provides images of wider areas relatively in a faster and cost-efficient manner. After the launch of Landsat 1 Satellite in 1972, several satellites (with both optical and Synthetic Aperture Radar (SAR) sensors) have been launched and trend is continuing at present as well as several planned to be launched in future and in due course spatial resolution has improved to a large extent. High resolution satellite, such as Advanced Land Observing Satellite (ALOS) provides Advanced Visible and Near Infrared Radiometer Type 2 (AVNIR-2) imagery (10m resolution) can be used for analysis of present forest cover status (Nonomura et al., 2010) .
However, presence of cloud, shadow, and haze in satellite imagery hamper LC classification and need to be treated. Treatment of all of them (cloud, shadow, and haze) together in different landscape including forest land is the big issue.
There are some programs currently available for cloud, shadow, and haze but these are fragmented and lack of holistic approach that can treat all of them. Experimenting on simulated ALOS data, Hoan and Tateishi, 2008 have used Total Reflectance Radiance Index (TRRI) to separate cloud area. Further for separating thin cloud 'Cloud Soil Index (CSI)' criterion has been mentioned as second step.
Also, satellite based imageries from various platforms and optical sensors have been providing LC information since long, but extracting them correctly is challenging tasks. Employing decision tree classification scheme, Hansen et al., 2000 produced global land cover for which multi-temporal Advanced Very High Resolution Radiometer (AVHRR) metrics were used. Use of multi-temporal satellite data to produce single time land cover becomes complicated for REDD (or REDD+) which needs LC classifications from past, present, and future satellite imagery with minimum human intervention so that it can fulfil the required MRV (Measuring, Reporting and Verification) transparency.
Considering the above issues, in this study we present a semiautomated approach for cloud/shadow and haze removal and LC change detection as a whole. The concept of LC used in this study is equivalent to Land Use (LU) mentioned in IPCC. Most of the image processing steps have been carried out using PASCO Tool™. This has been developed using Erdas Macro Language (EML) and thus works with Erdas Imagine© 1991-2009 ERDAS, Inc., software environment. The processing steps comparatively require less operator inputs and can classify large number of satellite imageries with desired accuracy for pixel based change detection including defined number of LC classes as per IPCC (Bickel et al., 2006) .
STUDY AREA AND DATA
The area selected for this Study is the Lake Mai-Ndombe (about 380km North-east of the capital, Kinshasa) and its surroundings in Democratic Republic of the Congo. This area has good coverage of forest with cropland and grassland in patches.
Three epochs satellite data; 1990, 2000, and 2010 were used in the analysis and their details are as follows: 
METHODOLOGY

Semi-automated
Cloud/Shadow, and Haze
Identification and Removal
Among these analyzed satellite data, ALOS AVNIR-2 and Landsat ETM+ had cloud/shadow, and ALOS AVNIR-2 and Landsat TM had haze. The adopted methodology for identification and removal of cloud/shadow, and haze is summarized in below workflow (Figure 1 ). 3.1.1 Cloud/Shadow Identification: i) Cloud identification: Instead of employing TRRI and CSI index, cloud area was extracted using Unsupervised Classification for 3 visible bands (for instance, bands 1, 2, and 3 for both Landsat and AVNIR-2) and then recoding the representing classes (which is generally one or all from 28th to 30th). The Unsupervised Classification was also tried using 4 bands data; however, the result was not synchronized as that with 3 visible bands.
ii) Shadow identification: This was carried out by incorporating its direction and estimating the average distance from cloud. Shadow direction was known using the Sun Azimuth angle of the image, which is generally provided with associated metadata. Average distance of shadow from cloud was estimated by measuring two or more cases on image.
Both cloud and shadow areas were extended for proper representation. Then, both were combined to one.
Haze Identification and Removal: i) Haze identification:
For this, Haze component of Tassel Cap (TC) transformation was used. The clear and hazy area was separated using equation (1) and pixel with value greater than mean TC was designated as Haze area (Richter, 2011 The index coefficient for Landsat 5 TM was used that presented by Crist et al. (1986) . And, for ALOS AVINIR-2, such coefficient being un-available, the same coefficient that for Landsat5 TM was employed and result is promising one. Cloud/Shadow, and water body area was not included in the haze area. Water body was estimated using Normalized Difference Vegetation Index (NDVI) method followed by some manual editing.
ii) Haze removal: First, using the Pixel values of Blue and Red bands for clear area, slope angle (α) was calculated, which was used to estimate haze levels map or Haze Optimized Transform (HOT) using equation (2).
Then, for bands; Blue, Green, and Red (that is, < 800mm) of both ALOS AVNIR-2 and Landsat TM, the haze signal to be subtracted, △ for each HOT level and for each AVNIR-2 band was calculated. Dehazing was done by subtracting the △ from original DN for haze area (Richter, 2011) .
Cloud/Shadow Removal:
From the above dehazed image, cloud/shadow pixels were replaced with free pixels of same image with the help of PALSAR image by nearest neighborhood. For each cloud/shadow pixel, the algorithm first finds the corresponsive pixel in PALSAR image. Then, it searches nearest similar pixels on iteration basis. At iteration 1, immediate surrounding pixels are searched, then at iteration 2, pixels surrounding the iteration 1 are searched, and so on. For instance, for a center pixel, the searching ring at Iteration 2 and Iteration 4 is presented in Figure 2 . At each iteration, the center pixel value in PALSAR is compared with searching pixel value and when it meets, the pixel that satisfy the condition as the below equation (3) (Hoan and Tateishi, 2008) and it is outside of cloud/shadow area in optical image, the searching is ended. After getting the value in PALSAR, it finds the value in Optical satellite data (e.g. ALOS AVNIR-2) at corresponding location and replaces the cloud/shadow pixel.
Land Cover Classification
Considering that Pixel value as Top-Of-Atmosphere (TOA) radiance for a feature is more consistence compared to DN, the processing such as NDVI estimation, LC classification has been carried out employing this value, refer to Figure 3 . LC classification has been carried out using Decision tree Classifiers followed by "Unsupervised classification (Clustering)" to get finally 6 classes as per IPCC requirements; Forest Land, Cropland, Grassland, Wetlands, Settlements, and Other Land (Bickel et al., 2006) were finally achieved. Moreover, while processing, the Forest Land was categorized considering the canopy cover into two; Forest (Closed) and Forest (Open). Also, Water body was initially extracted separately than other Wetlands. iii) Estimation of NDVI: Normalized Difference Vegetation Index (NDVI) was estimated using the following equation (Hansen et al., 2000) :
Where, NIR: Near Infra-Red band Red: Red band
For Landsat TM and Landsat ETM+ and ALOS AVNIR-2, band 3 is Red and band 4 is NIR.
Separating Vegetation and Non-vegetation Area:
NDVI threshold was used for grossly separation of vegetation vs. non-vegetation areas. Furthermore, threshold to NDVI and then to band 3 brightness was applied to divide vegetation area into two; named as 'Vegetation A', and 'Vegetation B'. This was useful for separating relatively dense forest land (that is, Forest (Closed)) which was found synchronized under 'Vegetation A'.
Landsat ETM+ had no haze and hence for this image, water body was separated from non-vegetation area at this step using threshold to NDVI Threshold followed by some editing. The non-vegetation excluding water body was named as 'Other Non-vegetation' area.
Unsupervised Classification:
The Optical TOA reflectance image was then clipped separately with the 'Vegetation A', 'Vegetation B' and 'Other Non-vegetation' area boundary. These clipped images were run for unsupervised classification with 20 classes and employing all 4 bands for ALOS AVNIR-2 and all bands except band 6 for Landsat TM and Landsat ETM+.
Recoding and compiling LC Classes:
After careful interpretation of the above yielded classes, these recoded to the appropriate class and then combined together. Lastly, manual editing was carried out wherever necessary. Settlements were found more intermingle with other LC classes, relatively more manual editing was required to extract this LC class.
Accuracy Assessment of LC Results and Change Analysis
Accuracy assessment was carried out for LC result from the latest satellite data, ALOS AVNIR-2 employing the field experience and secondary information. For this, checking was done for 230 selected points (pixels), which were randomly selected throughout the scene LC change analysis was carried out by overlaying the LC result all three epochs. For comparison purpose, the LC result from ALOS AVNIR-2 was resampled to 30m in order to match with other two epochs (Landsat TM and ETM+). Altogether 242 pixels were tracked for change.
RESULTS AND DISCUSSION
Cloud/Shadow and Haze Identification and Removal
As presented in Figure 4 , the result of cloud/shadow and haze removal for ALOS AVNIR-2 has remained very promising. The result of removing cloud in Landsat 7 ETM+ was also good, however, some of the pixels were found mis-replaced which might be because of the wider gap between acquisition date of Landsat 7 ETM+ and ALOS PALSAR.
The haze removal algorithm also worked well and it removed haze from all 3 bands; Blue, Green Red (that is, < 800nm).
Haze appears in these bands (Richter, 2011) . The result of removing cloud in Landsat ETM+ was also good, however, some of the pixels were found mis-replaced which might be because of the wider gap between acquisition date of Landsat 7 ETM+ and ALOS PALSAR.
Land Cover Classification and its Change Detection
As presented in LC pattern among the analyzed 3 epochs is similar, Figure 5 . This is also supported from the result of pixel tracking between 1995 and 2009 LC result so presented in Table 2 which indicates vey less change in forest change for the tracked pixels. Comparatively, the change between cropland and grassland is more and mis-classification may be a reason for this. Moreover, it shall be noted that, spatial resolution for used satellite data are different. The spatial resolution is 30m for Landsat TM and ETM+, and 10m for ALOS AVNIR-2. Also, the "Unsupervised classification" was carried out with 6 bands for Landsat and ETM+ data and 4 bands for ALOS AVNIR-2 data.
Moreover, in the analyzed area, there is location specific change of LC and can be traced out only upon detail analysis, such as at location presented in Figure 6 . 
CONCLUSIONS
The approach devised for cloud/shadow and haze removal and LC change detection has good results. The accuracy of LC classification is also promising one. The program used for processing also considers classification of large number of imageries in the shortest possible time with required number of LC classes, specifically for REDD+ application with IPCC standard. This involves less human intervention and can classify imagery for extracting LC in wide variety of landscape and different dated data; thus can be considered as semiautomatic.
Thus, this semi-automated methodology is expected to be suited for diversified conditions and allow processing of large number of imageries in comparatively less time, which will be very useful in analysis of successive change/monitoring of tropical rain forest in Africa.
